, the authors proposed a data-driven optimisation algorithm for the personalisation of human-prosthetic interfaces, demonstrating the possibility of adapting prosthesis behaviour to its user while the user performs tasks with it. This method requires that the human and the prosthesis personalisation algorithm have same pre-defined objective function. This was previously ensured by providing the human with explicit feedback on what the objective function is. However, constantly displaying this information to the prosthesis user is impractical. Moreover, the method utilised task information in the objective function which may not be available from the wearable sensors typically used in prosthetic applications. In this work, the previous approach is extended to use a prosthesis objective function based on implicit human motor behaviour, which represents able-bodied human motor control and is measureable using wearable sensors. The approach is tested in a hardware implementation of the personalisation algorithm on a prosthetic elbow, where the prosthetic objective function is a function of upper-body compensation, and is measured using wearable IMUs. Experimental results on able-bodied subjects using a supernumerary prosthetic elbow mounted on an elbow orthosis suggest that it is possible to use a prosthesis objective function which is implicit in human behaviour to achieve collaboration without providing explicit feedback to the human, motivating further studies.
I. INTRODUCTION
Personalisation of human-prosthetic interfaces has been shown to be a necessary step to their successful implementation [2] , [3] , [4] . The authors previously proposed a method to perform the personalisation process autonomously while the prosthesis user performs a task with the prosthetic device [1]. This approach utilises data gathered online to evaluate a predefined measure of performance (objective function), which the personalisation algorithm seeks to optimise.
The measure of performance used for personalisation defines the prosthetic's objective, while the human has its own internal measure of performance and thus objective. In collaborative human-robot applications, such as motionbased synergistic prosthesis [5] , [6] , [7] , it is required that these objectives align, i.e. that both the human and the robot have the same objective functions [1], [8] . In [1] , this was ensured by using task information (reach accuracy and time) as the objective function in the personalisation algorithm and explicitly presenting it to the user. This is referred to as the "explicit" objective function henceforth. However, in practice this may not be possible as the data obtained by the prosthesis is given by wearable sensors, and task information may not be available. Moreover, it may neither be possible nor desirable to constantly display performance information to the user.
A possibility to relax the need of having the same measure of performance between the user and prosthesis is to use knowledge of the implicit motor behaviour of humans. Implicit motor behaviour refers to the processes that occur subconsciously in humans when performing physical tasks. This work hypothesises that by utilising a measure of performance that is theorised to be implicit in human motor behaviour, no explicit objective function will need to be provided to the prosthesis user to achieve human-prosthesis collaboration.
A block diagram of the human-prosthesis system and the personalisation algorithm is shown in Figure 1 . The human (residual) limb and prosthetic device interact to achieve a resultant hand motion, where the motion of the prosthetic device is a function of the synergy value and the human limb motion (time domain). As a result of human motor learning, humans change their motor behaviour over repeated use of the prosthetic device in order to use the device effectively according to an internal measure of performance, J h , (iteration domain). There are currently multiple propositions for the internal composition of internal optimisation metrics used to generate optimal motor behaviour [9] , [10] , [11] . This humaninternal measure of performance is referred to as the "implicit" objective function henceforth.
On the other hand, the prosthesis objective function (J p ) used in the synergy personalisation algorithm is explicitly defined and chosen to achieve an objective with the prosthesis. Due to the recent development of such adaptive system in [1], the effects of the choice and design of the objective function on the resultant human motor behaviour are unknown. However, in order to design such objective functions, a set of conditions must be met. This is described in a model of the synergy-to-performance behaviour inherent in the humanprosthesis system [1]. In summary, the objective function must be designed such that there exists a synergy (θ * ) that achieves the best performance (J * p ), and human motor learning must be reflected in the performance (J p ) as monotonically increasing until reaching a steady-state.
To achieve collaboration, and thus convergence of the personalisation algorithm, the human and prosthetic objective functions must be as close as possible (J p → J h ) [1], [8] . Here, the use of a measure of implicit human motor arXiv:2003.01228v1 [cs.RO] 2 Mar 2020 behaviour in the prosthesis objective function is proposed. The hypothesis is that the use of a prosthesis objective function that acts as a surrogate for the internal human objective function will allow the personalisation process to take place without the need to provide explicit feedback to the human. The hypothesis is tested by using upper-body compensation motion as a surrogate for human effort while performing a reaching task, which is determined by data gathered from two wearable IMUs. The hypothesis is studied on able-bodied subjects using a supernumerary prosthetic elbow mounted on an elbow orthosis. Results show that using a surrogate for implicit human motor behaviour as a measure of performance can successfully drive the personalisation of human-prosthetic interfaces.
II. UPPER-BODY COMPENSATION AS A MEASURE OF PERFORMANCE FOR PROSTHESIS PERSONALISATION
This section presents the methodology followed to determine an IMU-based measure of performance for prosthetic reaching. The choice of using compensation motion is based on its use as a clinical measure of prosthetic performance [12] , [13] . Compensation motion can be measured with bodymounted IMU sensors [2] , making it a good candidate for a wearable sensor-based measure of performance in prosthetics. Moreover, upper-body compensation motion is used by prosthesis users to overcome the limitations of their prosthetic devices. It is also observed in a wide range of ADLs, and trunk and shoulder motion are the natural range extenders of reach in able-bodied motion [12] , [13] .
The following steps were followed to develop the objective function: 1) the relationship between the prosthesis synergy and upper-body motion was experimentally evaluated to determine the relevant components to be used in the design of the objective function (Section II-A). 2) An objective function was designed such that the necessary conditions for its use in the personalisation algorithm are satisfied (Section II-B).
A. Evaluating the Relationship Between Synergy and Upperbody Motion
To determine the relationship between the synergy and upper-body compensation motion an experiment with three able-bodied subjects wearing a supernumerary prosthetic elbow mounted on an elbow orthosis ( Figure 2a ) was performed.
1) Hardware set-up: Bosch BNO055 IMUs were mounted on the subject's C7 vertebrae to measure trunk motion (C7), on the shoulder acromion (SA) to measure shoulder displacement, on the upper-arm (UA) to be used for the synergy, and on the lower-arm (LA) to get able-bodied elbow motion data. Sensor placement is shown in Figure 2c . The C7 and SA sensors were used to determine the trunk and shoulder forward displacement respectively. Displacement was calculated using the subject's body measurements, trunk length and C7 to shoulder acromion distance, and the estimated joint angle from the IMUs. The upper-body was considered to be a set of rigid links. Data gathering was done using an Arduino M0 Zero and an application developed in Visual Studio/C#.
2) Task description: The task required subjects to reach forward from a neutral seating position and touch a target on a screen. The starting position and target are shown in Figure  2a . The screen location was adjusted for each subject to be within their able-bodied reaching distance. The screen position was set by using the subject's arm as a reference while the arm was held straight forward as shown in Figure 2b . The forward distance and height of the screen were set at the position of the subject's wrist joint, while the lateral position was set such that the centre of the screen was aligned with the centre of the subject's chest.
3) Protocol description: Subjects were first asked to perform the task with their arm (able-bodied) for 30 iterations to obtain their able-bodied motor behaviour as benchmark. This is referred to as the able-bodied case henceforth. Then the supernumerary synergistic prosthetic elbow was mounted on their arm using an elbow orthosis and were provided with sufficient training with the device in order to minimise the effects of motor learning on the synergy-motion results. This is referred to as the prosthetic case henceforth. Subjects repeated the reaching task for 200 iterations, with the synergy value changing every 5 iterations (∆θ = 0.05). the synergy used wasq e = θq s , whereq e is the prosthetic elbow extension,q s the shoulder extension, and θ ∈ [0.8, 2.7] the synergy parameter. The procedure was approved by the University of Melbourne Human Research Ethics Committee, project number 1750711.2. Informed consent was received from all subjects in the study. Results from experiments in this manuscript can be found in https://git.io/JvRZs. 4) Synergy vs. Trunk compensation: Experimental results for trunk forward compensation for the three subjects are presented in Figure 3 . The blue line represents average trunk displacement for the able-bodied case while the blue circles for the prosthetics case. It can be observed that trunk displacement for the able-bodied case is close to zero for the given reaching task. In the prosthetics case, trunk displacement has a near linear relationship with the synergy. Moreover, it can be seen that the prosthetic case data intersects the subject's able-bodied displacement line. This intersection represents the subject's (a) Starting position for the reaching task, the target on the screen, and the supernumerary elbow.
(b) The screen location was adjusted to each subject's arm length and height.
(c) Sensors were placed on the C7 vertebrae (C7), the shoulder acromion (SA), upper-arm (UA), and lower arm (able-bodied only). : Relationship between trunk (C7) and shoulder (SA) forward displacement, and synergy (θ) for three subjects. The x-axis presents the synergy value while the y-axis the trunk and shoulder forward displacement. Blue and red circles represent C7 and SA displacements for the prosthetic case, respectively. Blue and red lines represent mean able-bodied C7 and SA displacements, respectively. optimal synergy value which achieves able-bodied-like trunk displacement. Intuitively, this means that as the synergy value moves away from the optimal, the individual will recruit trunk motion to compensate for the elbow not extending enough, or over-extending. This behaviour is highly desirable for personalisation purposes as it suggests that there is a unique synergy that minimises trunk displacement. Moreover, the able-bodied line intersection is at a different synergy value across subjects and the slope of the synergy-displacement map differs across subjects, highlighting individuality in motor behaviour.
5) Synergy vs. Shoulder compensation:
Experimental results for shoulder forward compensation for the three subjects are presented in Figure 3 . The red line represents average ablebodied shoulder displacement while the red circles the prosthetics case. From these results, it can be seen that shoulder forward displacement is always present in the reaching motion, with able-bodied displacement of about four centimetres for the given task. In the prosthetics case, different compensation strategies can be observed across subjects in the shape of the synergy-displacement map. This highlights individuality and preference in motor behaviour. Similarly to trunk compensation, a crossing of the synergy-displacement map with the ablebodied average displacement is present, which in this case is at 4cm.
B. A Compensation Motion-based Objective Function for Prosthesis Personalisation
The purpose of the design of the objective function is to drive the behaviour of the personalisation algorithm. In this work, this means minimising compensation motion. Therefore, the resultant Synergy-Compensation map needs to satisfy the convexity assumption in [1, Assumption 1]. Given that the synergy-displacement relationship observed in Figure 3 is nearly linear, a candidate objective function that satisfies this (a) Subject 1.
(b) Subject 2.
(c) Subject 3. Fig. 4 : Synergy-Performance map (J p (θ)) for three subjects. The x-axis presents the synergy value while the y-axis the performance as given by eqn. 1. The experimental results are shown in blue while the fitted quadratic map is shown in black. The optimal synergy (θ * ) for each subject, as given by the fitted quadratic map, is shown in each plot.
assumption is the convex combination of quadratic terms. For compensation motion, this is given by:
where 0 < α < 1 is the weight to be determined, x t the trunk forward displacement,x t the desired trunk forward displacement (able-body-like), x s the shoulder forward displacement, andx s the desired shoulder forward displacement (able-bodylike). Due to the minimisation objective, J p will be referred as cost henceforth. A rigorous choice of the weight α would require determining the involvement of each joint in the reaching motion, and thus an analysis of human motor behaviour and the theorised internal optimisation mechanisms for human motion planning [9] , [14] . This is out of the scope of this paper and will be investigated in future work. Therefore, it was chosen to equally minimise both trunk and shoulder displacement by setting α = 0.5, and focus on determining the viability of the proposed method from a practical perspective.
The obtained synergy-cost maps (J p (θ)) for the three subjects are presented in Figure 4 . The experimental data is represented by the blue circles, while the quadratic polynomial fit to this data is shown by the black lines. The estimated optimal synergies (θ * ), given by the polynomial, are 1.99, 1.90, and 1.92, for each respective subject. However, it is important to note from the experimental data that the minimum cost is observed for a range of synergy values. As expected the synergy-cost maps (J p (θ)) show desirable features for online personalisation. These results shows that the proposed compensation motion-based objective function satisfies the condition for the implementation of the algorithm presented in [1].
III. COMPENSATION MOTION-BASED PROSTHESIS PERSONALISATION EXPERIMENTS
An experiment using the same set-up presented in Section II-A was performed to evaluate the behaviour of the personalisation algorithm with the proposed measure of performance. The experiment involved nine able-bodied subject, the same three subjects in Section II-A and six additional subjects that were completely new to the set-up and task. These experiments were performed three months after the original sweep experiments to minimise the bias introduced by motor learning on the results of the first three subjects. The same task as in II-A was performed by the subjects; however, in this case, the personalisation algorithm was used to iteratively adjust the synergy parameter (θ) instead of performing a synergy value sweep. The following algorithm tuning parameters were used: ω o = π/4, a = 0.06, k = 0.0008, = 0.1, and L = 0.3840 0.6067 −0.2273 −0.8977 −1.0302 T .
Detailed information on these parameters can be found in [1]. Subjects were not informed to what was being evaluated by the prosthesis and were only indicated to perform the reaching task with the supernumerary prosthetic elbow. Subjects performed the task for 80 iterations, with a one minute rest after 40 iterations. The target displacements trunk and shoulder displacements,x t andx s , were set to zero. The choice of zero trunk displacement is based on able-bodied trunk displacement. The choice of zero shoulder displacement was to determine whether the implicit prosthetic objective function could influence "natural" human motion. Figure 5 presents algorithm performance results. These results show the synergy value and cost, as defined in equation (1), over the 80 iterations of the task. On average, the algorithm reached steady-state within 30 iterations of the task. With this given synergy steady-state (θ ss ), subjects significantly minimised the cost (J p ), driving it close to zero, meaning that compensation motion was close to zero. This personalisation algorithm behaviour is comparable to the results presented in [1]. However, it is important to highlight that these two approaches may not converge to the same optimal synergy. This is due to the different objective functions in use. There are two other significant observations. First, for subjects 1-3, the steady-state synergy converged to a synergy within the range that minimises the cost identified in the synergy-cost map in Figure 4 . Second, the motor behaviour of subjects 1 and 9 is irregular and is reflected in the performance of the algorithm. These will be discussed in the next section Figure 6 presents trunk (C7) and shoulder (SA) displacement over the 80 iterations of the task. It can be observed that all subjects reduced their trunk motion and achieved under 5cm trunk displacement at the steady-state, except for subject 4 which did not reach steady-state. This steady-state trunk behaviour is comparable to the able-bodied behaviour presented in Figure 3 . On the other hand, subjects maintained their "natural" shoulder displacement regardless of the objective function using a desired zero shoulder displacement. This can be seen by the constant shoulder displacement throughout the experiment. Only in the results for subject 9, Figure 6i , a change in shoulder strategy can be observed. Nevertheless, these results demonstrate that the personalisation algorithm successfully achieved its objective of minimising compensation motion without providing explicit feedback to its user, for a variety of individuals with different motor strategies. This supports the hypothesis that a surrogate of implicit human motor behaviour can be used as the objective function to drive prosthesis personalisation without the need to provide the prosthesis user with explicit performance feedback. The next section presents a discussion of the important observations arising from these results.
IV. DISCUSSION

A. Non-linearities in Human Motor Learning
The results from subjects 2 and 9, Figures 5b, 5i, 6b , and 6i, highlight some of the non-linear phenomena present in human motor learning which directly affect the performance of the personalisation algorithm. In the case of subject 2, one of such non-linear phenomena can be observed after the rest period. Here, the subject's cost saw a sudden increase (increased compensation), which was gradually reduced until reaching the steady-state again. This behaviour change can be considered as a "warm-up decrement", which is commonly observed at the beginning of experiment sessions that are performed days apart [15] , [16] . This phenomenon is characterised by a decrease in performance between sessions, followed by a systematic increase in performance which satisfies the monotonic increase to a steady-state condition required by the algorithm. However, in the case of subject 2, it is present within a session as rest time was provided halfway through the experiment. This highlights individual variation in motor learning, which in the case of subject 2 this particular aspect was more prevalent. As can be seen in Figure 6b , these results suggests that within the rest time the subject "forgot" the steady-state upper-body and arm motion, and had to re-learn it. This phenomenon could be prevalent in day-to-day prosthesis use and thus is relevant for the further development and subsequent deployment of adaptive systems in human applications.
In the case of subject 9, Figures 5i and 6i , there is a sudden change in performance around iteration 35, where the cost (J p ) was significantly reduced from one iteration to another. This corresponds to a change in strategy that led to a reduction in trunk displacement, as seen in Figure 6i . The change of strategy can be attributed to natural motor variability and exploration, which can lead to the discovery of new strategies that result in improved performance [15] , [17] . This highlights a challenge of using a surrogate of implicit human behaviour as the measure of performance for the personalisation algorithm. The use of incomplete information on the human internal objective function, which relies on certain assumptions, does not fully capture the whole human motor and learning behaviour. This can lead to undesirable phenomena in the measure of performance as observed. In this instance, the discovery of the new strategy led the subject to a new motion steady-state with reduced upper-body compensation, which did not affect the performance of the personalisation algorithm. However, the effects of reduced information on the measure of performance, and motor strategy changes, ought to be thoroughly investigated as these will naturally occur in daily prosthesis use.
B. Effects of the Implicit Objective Function on Human Motor Behaviour and Prosthesis Personalisation
There are two observations on the influence of the proposed objective function on motor behaviour that warrant discussion. The first observation is related to compensation (cost) minimisation being achieved for a range of synergy values. As shown in the identified synergy-cost maps in Figure  4 , minimum cost is observed in a range of synergy values. Results in Figure 5 for subjects 1-3, show how the algorithm converges to a value within this range (for subject 2, iterations 40-50 as per the previous discussion). This is as expected as the algorithm's objective is cost minimisation. However, the possible reasons behind why the map has such flat regions instead of a more convex shape as observed in [1] warrants discussion. The authors identified two possible causes for such behaviour. 1) There may be a synergy range where the resultant compensation motion is within the subject's natural variation, and thus any synergy on that range may be suitable for the subject. 2) The flat region could be a result of a loss of information due to the use of only trunk and shoulder displacement, and wearable sensors. However, given the results obtained for this study, it is not possible to conclude which was the cause. This will be considered in future work as testing these possibilities may require longitudinal studies that include the change of the synergy-performance map over multiple sessions and time. This includes determining the effects of long-term motor learning on the synergy-performance map and the effects of information uncertainty and loss on the personalisation procedure.
The second observation is related to the influence of the prosthesis objective function on natural human motor behaviour. The use of a non-natural desired shoulder motion (x s = 0) in the cost function did not influence the resultant human motor behaviour. This can be seen in Figure 6 , where most subjects maintained their natural shoulder motion (SA displacement of 5cm) throughout the experiment regardless of the synergy value. A possible explanation for this is that the human internal objective function penalises shoulder more heavily than trunk for this type of motion, thus most subjects prefer to recruit their trunk to compensate for the inaccurate synergy. In subjects 8 and 9 (Figures 6h and 6i) (1). The grey dotted line represents when the subjects were given rest time.
gradually reduced shoulder displacement to close to zero displacement until iteration 60, where a gradual increase started that eventually converged to about 4cm, close to the population average natural shoulder displacement (5cm). This happened around the same iteration that the subject's trunk displacement reached the vicinity of natural trunk motion. On the other hand, subject 9 had a change of strategy around iteration 35, where both trunk and shoulder displacements changed from compensatory-like to near natural. These results suggest that regardless of the implicit cost function used in the prosthesis, individuals will converge to their natural motor behaviour when the synergy is within the range that allows for it. Similar results have been observed in rehabilitation applications [18] . This agrees with the previous discussion point, suggesting that there is a range of synergy values that achieve minimum compensation. This may be advantageous from a practical implementation perspective as it may be possible to simplify the personalisation procedure and sensor requirements.
While there are important observations that arise from the results in the study presented herein, the successful implementation of the prosthesis personalisation algorithm under practical constraints using a prosthesis objective function unknown to the human proves the hypothesis considered in this work. These results motivate further studies to better understand the interaction between the human and the adaptive prosthesis.
V. CONCLUSION
This paper presented a method that uses implicit human motor behaviour as the basis for the personalisation of humanprosthetic interfaces. The method allows the personalisation algorithm proposed by the authors in [1] to operate without the need to provide explicit performance feedback to the human and using only wearable sensors. A measure of performance that acts as a surrogate for internal human measures of motor performance was used, ensuring that both the human and prosthesis have the same objective. A hardware implementation was performed where the prosthesis measure of performance was based on compensation motion gathered from wearable IMUs. These initial results are promising and indicate using this surrogate approach can lead to successful interface personalisation with reduced compensatory motion in individuals. Further studies are required to consider the minimal sensing requirements in the wearable IMUs to achieve a satisfactory level of personalisation.
